Abstract: Condition monitoring measurements, such as vibration data, acoustic emission data, oil analysis data, power voltage and current data, etc., can be obtained from wind turbine components and be utilised to evaluate and predict the health conditions of the components and the turbines. The objective of condition-based maintenance (CBM) is to optimise the predictive maintenance activities based on the condition monitoring and prediction information to minimise the overall costs of wind power generation systems. In existing work, all the wind turbines are assumed to be of the same type and the lead times of different components are assumed to be constant. This is not the case in many practical applications. In this paper, we develop a CBM approach for wind turbine systems considering different types of wind turbines in a wind farm and different lead times for different turbine components, which lead to more accurate modelling of CBM activities in actual wind farms. In the proposed CBM approach, we present a new CBM policy involving two design variables for each turbine type, a method for turbine failure probability evaluation considering different lead times and a CBM cost evaluation method. Numerical examples are provided to demonstrate the proposed CBM approach.
Introduction
Costs for operation and maintenance represent a large portion of the life cycle costs of wind power generation systems (Martinez et al., 2009; Hau, 2006) and it is critical to improve reliability and optimise maintenance management of wind turbines for the reduction of total costs (Tavner et al., 2007; Krokoszinski, 2003; Sen, 1997) . For example, the Canadian wind energy industry has been growing very rapidly and it is expected that wind energy will satisfy 20% of Canada's electricity demand by 2025. Operation and maintenance costs account for 25-30% of the wind energy generation cost. Currently, most wind farms use reactive maintenance, also known as corrective maintenance and time-based preventive maintenance strategies (Jardine and Tsang, 2006) . In reactive maintenance, maintenance actions are performed only after failure occurs. In time-based preventive maintenance, preventive maintenance actions are performed typically at constant-intervals (CI); say every six months and the failed components are maintained once they fail. To ensure system availability and reduce the cost due to loss of productivity, the preventive maintenance interval has to be small enough, which leads to the increase of the total maintenance costs.
Currently, the wind energy industry is switching from reactive maintenance and time-based preventive maintenance strategies to condition-based maintenance (CBM) strategy by more effectively utilising condition monitoring information. In CBM, condition monitoring measurements, such as vibration data, acoustic emission data, oil analysis data, power voltage and current data, can be obtained from wind turbine components and be utilised to evaluate and predict the health conditions of the components and the turbines (Liu et al., 2010; Hameed et al., 2010; Caselitz and Giebhardt, 2005; Banjevic et al., 2001; Gebraeel et al., 2005; Tian, 2009) . The objective of CBM is to optimise the predictive maintenance activities based on the condition monitoring and prediction information to minimise the overall costs of wind power generation systems. Newly deployed turbines are typically equipped with condition monitoring sensors. For legacy turbines, operators and manufacturers are also trying to install such sensors on many of these turbines. There is a significant and growing need to develop effective methods for optimising maintenance activities by fully utilising the available condition monitoring information. Nilsson and Bertling (2007) proposed a life cycle cost approach for evaluating the financial benefits using condition monitoring system, a tool required in CBM. Byon and Ding (2010) applied a multi-state Markov decision mechanism in estimating the wind turbine degradation process, based on which the optimal maintenance scheme is determined. They also investigated the simulation of wind farm operations and maintenance using discrete event simulation (DEVS) (Byon et al., 2011) . Sorensen (2009) investigated the framework for risk-based planning of operation and maintenance for offshore wind turbines, which are typically difficult to access.
There are typically multiple wind turbines in a wind farm, which is typically located at a remote site. A wind farm can be considered to be a system consisting of multiple wind turbines and there are multiple components including main bearing, gearbox, generator, shafts, etc., in each wind turbine. Thus, there are economic dependencies among wind turbines and their components in a wind farm. More specifically, there are fixed costs for sending a maintenance team to the wind farm and for stopping a turbine for maintenance. Thus, it may be cheaper to take the opportunities to maintain multiple turbines and multiple components in a turbine at the same time, based on the evidence presented in the condition monitoring data. Tian et al. (2011) developed a CBM approach for wind energy systems considering such economic dependencies. In their work, they focused on a homogeneous wind turbine fleet made by the same manufacturer and assuming constant lead time for all turbine components. However, it is very likely a wind farm owner acquires different capacities of wind turbines from the same manufacturer or different brands from different manufacturers. Different types of wind turbines have different types of capacities and typically different types of turbine components. Thus, the CBM decision making criteria are expected to be different for different types of turbines. In addition, different turbine components are likely from different suppliers and thus have different lead times.
In this paper, we develop a CBM approach for wind power generation systems considering different types of wind turbines in a wind farm and different lead times for different turbine components which lead to more accurate modelling of CBM activities in actual wind farms. In the proposed CBM approach, we present a new CBM policy involving two design variables for each turbine type, a method for turbine failure probability evaluation considering different lead times and a CBM cost evaluation method. Numerical examples will be provided to demonstrate the proposed CBM approach.
The proposed CBM approach
The proposed CBM approach for wind power generation systems is presented in this section. The proposed CBM policy considering different types of turbines and different lead times is described first, followed by the summary of the health condition prediction method used and the method for calculating the condition failure probability. The cost evaluation method for the CBM policy, which is a key part of the approach is presented in the last subsection.
The proposed CBM policy
Suppose wind turbine components are continuously monitored in the wind farm. At a certain inspection point, condition monitoring data can be collected and analysed for health condition prediction and thus for the computation of component and turbine level condition failure probability values during the lead time, which will be discussed in details later. Maintenance decisions are made based on the CBM policy and the condition monitoring data. Suppose there are totally K types of turbines in the wind farm. The proposed CBM policy for wind power generation systems considering different types of turbines and different lead times is given as follows.
• Perform failure replacement if a component fails.
• Send a maintenance team to the wind farm if any wind turbine in the wind farm is determined to be maintained.
• Perform preventive replacements on components in wind turbine
where Pr k,n is the conditional failure probability of the wind turbine, which belongs to type k, and 1 k d is the pre-specified level 1 failure probability threshold value at the turbine level for turbine type k.
• If turbine WT k,n is to be performed preventive replacement on, perform preventive replacement on its components in order to bring the turbine failure probability down to below 2 , k d which is called the level 2 failure probability threshold value at the turbine for turbine type k.
• If a turbine has a failed component, perform all the possible failure and preventive replacements for the turbine at the same time.
It can be seen that the CBM policy is determined by the two failure probability threshold values, 1 k d and 2 , k d for each turbine type k and thus there are 2K failure probability threshold values in total.
Health condition prediction for wind turbine components
Health condition prediction aims to predict wind turbine component future health conditions as well as the remaining useful lives. At a certain inspection point, the condition monitoring measurements are collected and the health condition prediction methods can be used to obtain the predicted failure time value and the associated uncertainty, in another word, the predicted failure time distribution. Various prognostics methods can be used for wind turbine components, including various model-based methods and data-driven methods (Tian et al., 2010) . The proposed CBM approach for wind power generation systems can work with any type of prognostics methods, as long as the predicted failure time distribution can be obtained at each certain inspection point based on the condition monitoring data. In this work, it is assumed that at a certain inspection point, the predict uncertainty (error) follows normal distribution; hence the predicted failure time for a wind turbine component also follows normal distribution (Tian et al., 2011) . The predicted failure time is generally much larger than the standard deviation and thus the probability that the failure time take negative value due to the use of normal distribution can be safely ignored. For component m in turbine n of type k, the mean of the predicted failure time is denoted by TP k,n,m and the corresponding standard deviation is denoted by σ k,n,m = σ p · TP k,n,m , where σ p is the standard deviation of prediction error. Thus at a certain inspection point, the distribution of the predicted failure time, denoted by T p , can be represented by:
, , ,
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Evaluation of turbine conditional failure probability
As mentioned in Section 2.1 when the CBM policy is introduced, the CBM decision making requires the conditional failure probability values at the turbine component level and the turbine level. For component m in turbine n of type k, the conditional failure probability during its lead time, denoted by Pr k,n,m , can be formulated as:
where t k,n,m is the age of the component at the current inspection point. L k,m is the lead time for component m in type k turbine, which is defined as the interval between the time maintenance decision is made and the time when the maintenance is completed for the component. Basically, Pr k,n,m is the conditional probability that the component fails during the lead time given that it is still working at the current inspection point, based on the predicted failure time distributions. At the turbine level, the turbine is considered to be a series system. That is, a wind turbine is considered failed if any of its components is failed. At a certain inspection point, the conditional failure probability of a wind turbine can be determined as follows:
where M k is the total number of components considered for the turbine of type k.
Cost evaluation for the CBM policy
According to the previously described CBM policy, the optimal failure probability thresholds of each type k can be determined so that the corresponding total expected maintenance cost per unit time per turbine, denoted by C E can be minimised. The objective function for the CBM optimisation problem can be given as: , , , ,…,and ,
Due to the significant complexity in the cost evaluation; it is very hard to develop an analytical method or accurate numerical method for the cost evaluation of the CBM policy. Thus, in this paper, a simulation method is developed to evaluate the cost due to its flexibility and capability of solving complex problems. The procedure of the cost evaluation is outlined in Figure 1 . The detailed explanations are given in the rest of this section. Step 4: Component health prognosis and turbine conditional failure probability computation
Step 2: Building the health condition prediction model
Step 3: Simulation initialisation
Step 5: CBM decision making, and updates of cost, production loss, component age and real failure time t ABS < T Max ?
Step 6: Calculating the total expected maintenance cost C E
Y
Step 1: Identifying the types of wind turbines in the wind farm and the related cost data
Step 1
Suppose there are K types of wind turbines in the wind farm, which are categorised by rated power and model. In each type, N k wind turbines and M k critical components are considered for each turbine. For the component m in each type of wind turbines, specify the maintenance lead time L k,m , cost values including the failure replacement cost c k,f,m and the variable preventive replacement cost c k,p,m . In addition, specify the fixed cost of maintaining a certain wind turbine c p,T and the fixed cost of sending a maintenance team to the wind farm c farm .
Step 2
Prognostics methods are used to predict component failure time distributions before implementing CBM. The Weibull distribution is used for describing the turbine component lifetime distribution for the population. Based on the available historical failure and suspension data, the distribution scale parameter (α k,m ) and shape parameter (β k,m ) can be estimated for each component m in type k turbines. For each type of turbine, based on historical degradation data, the health prediction model can be built.
Step 3
Simulation initialisation. In this step, the maximum simulation iteration (T Max ) and the inspection interval T I are specified. The accuracy of the results is affected by the number of iterations. T I is set to be a small value, e.g., ten days, so that continuous monitoring can be approximately achieved. The total cost C T and time set t ABS are set to be zero before starting the simulation. Generate the real failure time TL k,n,m of component m in turbine n of type k by sampling Weibull distribution with parameter (α k,m ) and (β k,m ). At time t ABS = 0 for all components, set the age t k,n,m = 0. The total cost and the age of component will be updated during the simulation process.
2.4.4
Step 4
Component health prognosis and turbine failure probability calculation. At a certain inspection point when t ABS > 0 the current age and real failure time of component m are known, which are t k,n,m and TL k,n,m .The predicted failure time distribution is the output of component health prognosis and it can be described using normal distribution
k n m k n m N TP σ as discussed earlier in Section 2.2. Thus, the conditional failure probability during the lead time L k,m for the component m in the turbine n of type k can be calculated using equation (2) and the failure probability for each turbine can be calculated using equation (3) with its components' conditional failure probabilities.
2.4.5
Step 5
CBM decision making and updates of cost, production loss, component age and real failure time. At each inspection point t ABS the CBM decisions can be made based on different specific situations, which are discussed in details as follows.
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For the wind turbine with failed components, the number of stop days before the inspection point is given as:
0 ,for all
Using above two equations, we can obtain C LossBefore,k,n for the failed turbine n of type k. The cost increase due to failure replacements can be formulated as:
where IF k,n,m =1 if the component m fails, otherwise it equals 0. The cost due to loss of productivity will be added later. 
Pr
d perform preventive replacement on its components with higher conditional failure probabilities until the turbine failure probability is lower than 2 , k d the lower level failure probability threshold. Accordingly, the preventive replacement costs are incurred. The cost increase due to preventive replacements can be formulated as:
where IP k,n,m = 1 if a preventive replacement is to be performed on the component m, otherwise equals 0; IT n = 1 if preventive replacements are performed but no failure replacements are performed in the turbine n.
3 For a wind turbine with failed components, it is assumed that the turbine won't start to be used until all the failed components have been replaced and all the required preventive replacements have been performed as well. Thus, the number of the stop days after the current inspection point is equal to the maximum of the lead times of the components that are to be replaced.
, , , { }, for all components that are to be replaced
where L k,m denotes the lead times of all the components to be maintained in the turbine n of type k, including preventive maintenance and failure maintenance. Thus, we can calculate the cost due to the loss of productivity as follows: 
where T Loss,k,n = T LossAfter,k,n + T LossBefore,k,n , representing the total number of stop days for the turbine.
4 In addition, there is the fixed cost of sending a maintenance team to the wind farm:
where IF farm = 1 if preventive replacements or failure replacements are to be performed in the wind farm, otherwise equals 0.
5 At the current inspection point t ABS if any replacement is to be performed, the next inspection interval will be updated as:
where L k,n,m denotes all the lead time values of the components to be determined for maintenance in the wind farm. The next inspection time will move to the point when L farm has passed, i.e.,
ABS ABS farm
Otherwise, we will move the next inspection point with regular inspection interval, i.e.,
At the new inspection time, if a failure or preventive replacement is decided to be performed on component m in turbine n of type k, regenerate a new real failure time by sampling Weibull distribution with parameters α k,m and β k,m .
If t ABS < T Max , repeat
Step 3, 4 and 5.
Step 6
The total expected maintenance cost calculation. When it goes to the maximum simulation iteration T Max , i.e., when t ABS = T Max , the simulation procedure is completed. The total expected maintenance cost per unit time per turbine for the wind farm is therefore:
Examples
In this section, we use some examples to demonstrate the proposed CBM approach for a wind farm, where two types of turbines are installed, with three turbines belong to type 1, low capacity and the other three turbines belong to type 2, high capacity. To simplify the discussion, we study four key components in each wind turbine: rotor, main bearing, gearbox and generator. The structure of wind turbines is shown in Figure 2 (National Instruments Products for Wind Turbine Condition Monitoring, 2010). We also compare the results using the proposed approach with the widely used CI preventive maintenance method and the method considering an approximate constant lead time for all the turbine components. 
The proposed CBM approach

Example introduction
In the example, two types of turbine are installed in the wind farm, which are low capacity turbines at 2 MW and high capacity turbines at 5 MW respectively. Thus, the costs and failure distribution parameter values, as well as the lead times of components, vary with different type of wind turbine. Assume the Weibull distributions are appropriate to present the component failures of the populations and the Weibull parameters and maintenance lead times corresponding to each type of turbines are given in Table 1 . The cost data are given in Table 2 , including the failure replacement costs for the components, the fixed and variable preventive replacement costs with respect to each type and the fixed cost of sending a maintenance team to the wind farm. All data used in this example are specified based on the data given in our previous study in Tian et al. (2011) , which are constructed based on reported data in the literature (WindStats Newsletter, 2008 Guo et al., 2009; Fingersh et al., 2006) . In addition, the inspection interval is set at ten days. 
The health condition prediction method
In this example, the artificial neural network (ANN)-based prognostics method developed by Tian et al. (2010) is used. The structure of the ANN model used in this approach is shown in Figure 3 . The inputs of the ANN are the component age values, denoted by t i and t i-1 , for the current inspection point i and the previous inspection point and the condition monitoring measurements at these inspection points, denoted by z − for measurement 2. Different types of measurements might be used depending on the problems. The output of the ANN model, denoted by P i , is the life percentage at current inspection time (Tian et al., 2010 (Tian et al., , 2011 . Once trained based on historical data, the ANN prediction model can be used to predict the remaining life based on the component age and the condition monitoring data. For example, at a certain inspection point, if the current age of the component is 400 days and the predicted life percentage obtained using the ANN prediction model is 80%, the predicted failure time would be 400/80% = 500 days. The uncertainty associated with the predicted failure time can be estimated based on the prediction errors obtained during the ANN training and testing processes. Thus, the predicted failure time distribution for components can be obtained, as the results can be described in equation (1). Stevens (2006) For this example, the above-mentioned ANN-based prediction method is applied to predict the failure time distributions of the components. The standard deviations of the ANN life prediction errors are required to establish the associated prediction uncertainties (Tian et al., 2010; Stevens, 2006) and the values of the standard deviations of each type system are given in Table 3 . 
The CBM optimisation results
The total maintenance cost can be evaluated using the proposed simulation method described in Section 2.4. After all the costs have been calculated, we search and find out the minimum cost and the corresponding variable values, these are therefore the optimal results. There are four design variables in this optimisation and thus it is hard to visualise the cost versus the conditional probability threshold values. It is found that the total maintenance cost is affected by the four failure probability threshold values for the two types of wind turbines and the optimal CBM policy can be found corresponding to the lowest cost. After performing optimisation, the optimal CBM policy can be obtained and the optimal threshold failure probability values for Type-1 turbines are: The optimal expected maintenance cost per unit of time per turbine is 84.8 $/day/turbine and thus for the whole farm with six turbines, the optimal maintenance cost per unit of time is 508.8 $/day.
Comparison with the CBM approach considering constant lead time
The CBM approach developed in Tian et al. (2011) assumes constant lead time for all the turbine components. When the constant lead time is determined, the maximum lead time among all the components is used and thus the maintenance work can be considered completed at the end of the lead time for any component. For a wind farm with different types of turbines and different components, the constant lead time assumption is of course approximates. The CBM approach developed in this work provides an accurate representation of the wind farm and the optimal maintenance cost is 84.8 $/day/turbine, as described in Section 3.1.3. If we apply the constant lead time assumption to this example, the lead time would be 45 days, which is the maximum of all the lead time values, according to Table 1 
Comparative study with the CI policy
In this section, we compare the proposed CBM approach with the CI policy, which is a type of time-based preventive maintenance policy and is currently widely used in the wind energy industry. The main objective of the CI method is to determine the optimal preventive replacement interval, denoted by t CI , to minimise the total expected cost per unit time. In this section, we investigate the CI maintenance policy using the same lifetime distributions for the components, as given in Table 1 . The total expected maintenance cost per unit time for the wind farm can be obtained based on the method in Jardine and Tsang (2006) and the equation is given as:
where C(t CI ) denotes the total preventive maintenance cost, , which can be evaluated using the recursive procedure outline in Jardine and Tsang (2006) . Thus, the total expected maintenance cost per unit time per turbine, denoted by C E (t CI ), can be obtained as:
The optimal interval t CI can be obtained to minimise the expected maintenance cost per unit time using the optimisation tool.
To ensure a fair comparison, the cost data is constructed based on those in Section 3.1. Since the fixed cost of sending the maintenance team to the wind farm, c Farm , is incurred at each time of failure occurrence; it is regarded as a part of the failure replacement cost. The loss of productivity cost is also considered through the lead time. Thus, the failure replacement cost for component m in turbine n of type k can be given as:
, , , , , , $50 24 hrs 30%
At each time of preventive replacement, in addition to sharing the fixed cost on the farm level c farm , the individual component's preventive maintenance cost also shares the turbine level fixed preventive maintenance cost in Table 2 . In addition to that, the loss of productivity cost is incurred and is distributed among all the components in the turbine, since the components are replaced simultaneously. Therefore, the preventive replacement cost for component m in turbine n of type k can be calculated as:
, ,
, , , , ,
The calculated failure replacement and preventive maintenance costs data using equations (18) and (19) are show in Table 4 . The total expected maintenance cost per unit of time can be calculated using equation (17). The cost versus preventive maintenance interval is plotted and shown in Figure 4 . By performing optimisation, the optimal replacement interval is found to be 3,340 days and the corresponding optimal cost is 471.89 $/day/turbine. Comparing with the optimal cost 84.8 $/day/turbine obtained using the proposed CBM approach, it can be seen that about 82% cost savings can be achieved using the proposed CBM approach. 
Conclusions
Currently, the wind energy industry is switching from reactive maintenance and time-based preventive maintenance strategies to CBM strategy by utilising condition monitoring information more effectively. In existing work, all the wind turbines are assumed to be of the same type and the lead times of different components are assumed to be constant. This is not the case in many practical applications. In this paper, we develop a CBM approach for wind turbine systems considering different types of wind turbines in a wind farm and different lead times for different turbine components which lead to more accurate modelling of CBM activities in actual wind farms. In the proposed CBM approach, we present a new CBM policy involving two design variables for each turbine type, a method for turbine failure probability evaluation considering different lead times and a CBM policy cost evaluation method. The numerical examples demonstrate the effectiveness of the proposed CBM approach.
Nomenclature
K
The number of types of wind turbines in a wind farm N k
The number of wind turbines of type k in a wind farm M k
The number of critical components considered in a wind turbine of type k Pr k,n,m The failure probability of component m in wind turbine n of type k Pr k,n
The failure probability of wind turbine n of type k L k,m
The maintenance lead time of component m in a turbine of type k The fixed cost of sending a maintenance team to the wind farm C T The total maintenance cost T LossBefore,k,n The number of stop days before the current inspection point for wind turbine n of type k T LossAfter,k,n The number of stop days after the current inspection point for wind turbine n of type k C T,Loss The cost due to the loss of productivity t ABS The current time in the simulation TL k,n,m The real failure time for component m in wind turbine n of type k L farm The maintenance lead time on the wind farm level, which is the longest lead time of maintained components in the farm t k,n,m
The current age of component m in turbine n of type k at the current inspection point TP k,n,m The predicted failure time for component m in wind turbine n of type k IF k,n,m A value indicating if a failure replacement is to be performed on component m in turbine n of type k IP k,n,m A value indicating if a preventive replacement is to be performed on component m in turbine n IT n A value indicating if a preventive replacement is to be performed on turbine n IF Farm A value indicating if a maintenance team is to be sent to the wind farm t CI The maintenance interval in the constant-interval maintenance policy The expected number of failures for component m in a wind turbine of type k in interval (0, t CI )
